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Abstract: Since the start of the COVID-19 pandemic, government authorities have responded by
issuing new public health policies, many of which were intended to contain its spread but ended up
limiting economic and social activities. The citizen responses to these policies are diverse, ranging
from goodwill to fear and anger. It is challenging to determine whether or not these public health
policies achieved the intended impact. This requires systematic data collection and scientific studies,
which can be very time-consuming. To overcome such challenges, in this paper, we provide an
alternative approach to continuously monitor and dynamically make sense of how public health
policies impact citizens. Our approach is to continuously collect Twitter posts related to COVID-19
policies and to analyze the public reactions. We have developed a web-based system that collects
tweets daily and generates timelines and geographical displays of citizens’ “concern levels”. Tracking
the public reactions towards different policies can help government officials assess the policy impacts
in a more dynamic and real-time manner. For this paper, we collected and analyzed over 16 million
tweets related to ten policies over a 10-month period. We obtained several findings; for example, the
“COVID-19 (General)” and ”Ventilators” policies engendered the highest concern levels, while the
“Face Coverings” policy caused the lowest. Nine out of ten policies exhibited significant changes in
concern levels during the observation period.

Keywords: COVID-19; Twitter mining; government policies; concern level; sentiment analysis;
geographical analysis; temporal analysis

1. Introduction
1.1. Motivations

The global COVID-19 pandemic has been a devastating event with unique scientific
and public health challenges. As of 26 October 2022, there were over 600 million cumula-
tive infections and over 6.5 million cumulative deaths worldwide [1]. In order to reduce
the spread of the virus while recognizing the need to return to normal life, policymakers
have had to formulate policies, guidelines, actions, or measures, ranging from directives
to prevent the spread of the disease to economic measures to minimize adverse impacts.
These policies or directives addressed activities of personal preventive care, such as wash-
ing hands, social distancing, or mask mandates, and economic, educational, and social
restrictions by enforcing business and school closings, housing eviction suspensions, etc.

Over the course of the evolving COVID-19 pandemic, policies were repeatedly enacted
and changed on short notice, impacting not only disease control but also public attitudes.
For example, China enforced an extreme COVID-19 measure called the “zero-COVID
policy”, locking entire cities, restricting their citizens’ movement for prolonged periods,
forcing people into isolation and quarantine, and subjecting them to continuous testing and
surveillance [2]. While such policies were intended to prevent the disease’s spread, citizens
have shown a variety of attitudes toward them. Many citizens reacted to these policies with
anxiety, depression, panic, and fear, as well as anger. When a large international retail chain
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in China faced a sudden lockdown, panicked customers tried to exit the store as quickly as
possible, fearing quarantine, isolation, and enforced testing [3]. It is important to track the
public’s attitudes toward these COVID-19 policies in real time because this can be another
gauge for assessing the impact of these government policies.

In this paper, we propose a Public Health Policy Perception Monitoring and Awareness
Platform as a near-real-time tracking system of citizen reactions toward health policies.
This platform’s objective is to elucidate the public perception of COVID-19 health policies
as an indirect indicator of policy impact in a near-real-time manner. This platform has
an advantage over the traditional policy outcomes assessment or impact study methods,
which involve well-designed surveys or observational data collected over a long period
of time [4]. In contrast, this platform continuously collects citizen-generated Twitter data
about health policies and analyzes their sentiments and concern levels expressed about
each policy. In addition, the platform intends to enhance public awareness of health policies
through visual browsing and summarization tools.

To measure public perceptions towards public health policies, we limited our inquiry
to the coarse-grained measures of whether Twitter users felt positive, negative, or neutral
about them and to what extent. As news reports expressed enough evidence that reactions
were mostly negative, we quantified these attitudes as “concern levels”. A priori, there is
no reason why all reactions to COVID-19 policies should be negative. While many citizens
might feel restricted by indoor facemask mandates, others might experience an increased
degree of safety because their fellow citizens are also masked. While some working parents
might feel burdened by having their children at home, other parents would appreciate that
the danger of infection to their children is reduced by school closings.

The concern levels can be instructive for government policymakers who have had the
difficult task of balancing the expected positive effects with the actual impact of policies.
Keeping track of public concern levels is challenging due to different policy types, temporal
trends, regional variations, etc. Fine-grained monitoring of concern levels is necessary
because government agencies promulgate policies at different levels (federal, state, county,
city/town). In a rapidly changing environment, monitoring public perceptions of health
policies needs to be continuous so that it can be useful for understanding the policy’s
impact on citizens.

1.2. Research Questions

There are several websites providing visualizations of daily and cumulative cases
at different administrative levels, such as the Johns Hopkins Coronavirus Resource Cen-
ter [5], the New York Times [6], and different government agencies [7]. These websites
provide awareness of the COVID-19 pandemic regarding the number of cases and deaths.
In contrast, our system for health policy monitoring aims to answer the following re-
search questions:

1. What government policies engendered the highest and the lowest concern levels
in citizens?

2. How have citizens’ concern levels about different health policies changed during the
progression of the pandemic?

3. Is the concern level trend positively correlated with the infection/death case trends?
4. Is there a notable difference in the public’s attitude toward health policies among

US states?
5. What kinds of public health policies are issued by different regions/towns, and

how many?
6. Are there any notable health policy differences among different regions/towns?
7. What are summaries of particular policies?

1.3. Contributions

This study makes the following contributions:
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1. We have developed a working prototype system of our proposed Public Health Policy
Perception Monitoring and Awareness Platform that continuously collects Twitter
data relating to COVID health policies. It provides analysis by near real-time tracking
of citizen concerns towards government policies through sentiment analysis and
policy awareness capabilities.

2. The provision of concern level trends could serve as a speedy source of information
to identify resistance or acceptance of launched COVID-19 policies among citizens.
Tracking the concern level trends over time in all US states can help local government
agencies to gauge the reactions of citizens to particular policies and compare them
across different states or cities. Uncovering negative public perceptions and con-
cerns towards a health policy could provide useful feedback to identify problematic
policies and to fine-tune them to address any arising tensions between citizens and
government agencies.

3. Situational awareness components of public health policies provide policy trans-
parency to citizens. There have been many policies and measures mandated and
recommended by different local governments during the pandemic. Keeping track of
the multiple policies is challenging. The tracking capabilities and spatial analysis of
policies by types and quantities show different city/state-level foci of policies. In ad-
dition, policies that are stated mostly as long text documents could be challenging to
digest by citizens with limited time and without a legal background. Using AI-based
text summarization models, the system could provide the public with summarized
policy text documents to enhance the citizens’ understanding of policy contents.

1.4. Organization

This paper is organized as follows. In Section 2, we summarize related work. We
present the COVID policy concern monitoring methods and results in Section 3. Specifically,
we are discussing concern level analysis, monitoring, and trends, as well as relationships
between pandemic trends and concern levels. This is complemented by a geographical
analysis.

This is followed by Section 4 on the public health policy awareness tools to enhance
understanding of policies issued during the pandemic. Sections 5–7 contain Discussion,
Conclusions, and Future Work.

2. Related Work

Twitter is one of the world’s top platforms for user-generated content. In 2020, there
were, on average, around 500 million tweets generated every day [8].

2.1. Sentiment Analysis

Sentiment analysis is a discipline that aims to extract qualitative characteristics from
users’ text data, such as sentiments, opinions, thoughts, and behavioral intent [9]. Social
media texts are particularly useful for sentiment analysis research [10]. They are (1) used to
express a standpoint and (2) filled with subjective text. Soon after Twitter was launched in
2006, social and computer scientists used Twitter data for sentiment detection and analysis
research [11]. In the past decade, there has been significant research on Twitter sentiment
classification using Machine Learning algorithms such as Naïve Bayes, Support Vector
Machines, Convolutional Neural Networks, and Sentiment Specific Word Embeddings [12].
Meanwhile, sentiment analysis of tweets often must tackle issues such as under-specificity,
noise, and multilingual content. Singh et al. [13] proposed a heterogeneous multi-layer
network-based representation. Their work addressed the issues of under-specificity (text
limits), noisy text (presence of short forms, long forms, misspellings, etc.), and multilingual
content and provided better classification performance.

A 2017 study [14] found approximately 7000 papers published on sentiment analysis
by 2016, including work on sarcasm detection, emotion mining, and sentiment analysis
applications. In industry, sentiment analysis is implemented for pattern identification and
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accurate data-driven predictions [15], providing solutions to different real-life problems,
such as stock market prediction [16], political elections forecasting [17], crisis manage-
ment [18], individual and collective emotional response communication [19], etc. In the
study of Asur and Huberman [10], they argued that a deep understanding of social media
communications could be helpful for accurate predictions of future activities and events.
Twitter posts have also been used for cluster analysis by a cognitive pattern recognition
system [20], which picked up real-time information about road-traffic events prior to any
mainstream reporting channels. Ji et al. [21] presented an application of Twitter sentiment
analysis to track disease outbreak paths and concern level trends, following the locations
and sentiments about swine flu, measles, listeria, and tuberculosis cases.

2.2. Perception Studies on COVID-19 on Social Media

Few sources and reports are available concerning temporal trends and geographic
distribution of citizens’ concerns about COVID-19 [22]. The State of Colorado allows
citizens to report health concerns on a state website [23]. The focus of these concerns
appears to be on health hazards caused by oil and gas exploration. Between the fall of 2015
and the fall of 2016, only 111 citizens reported concerns to the relevant state office. Few
trends can be derived from such small numbers.

Survey-based research is also naturally limited in data points and delayed in availabil-
ity. Furthermore, the focus of such research might be different even when COVID-19 is a
topic. For example, Kravitz-Wirtz et al. [24] used a survey that was completed by 2870 par-
ticipants to gauge the depth of concern about the secondary effects of COVID-19 relating
to firearm violence. While our research analyzes public reactions towards government
policies, their interest is in determining the degree to which citizens are worried about
bodily harm perpetrated by other citizens in the form of home invasions, robberies, etc.,
indirectly caused by COVID-19.

Another small study [25] based on a survey with 538 inputs in the Philippines tried to
determine the level of panic, health anxiety, and related feelings experienced by citizens.
The study found a geographic difference, namely a “difference in the avoidance behavior
between residents inside Metro Manila and outside Metro Manila”.

The Centers for Disease Control and Prevention (CDC) provided a COVID Data
Tracker [26] as the primary source of information about cases, deaths, hospitalizations,
and vaccinations, as well as state-issued prevention measures such as mask mandates,
bar closures, restaurant closures, stay-at-home orders, etc. These state-level measures are
counted and shown on a map. This is similar to our policy awareness component. However,
the concern levels or reactions by the public to these measures are not tracked in their work.

Mittal et al. [27] used a lexicon-based sentiment analysis tool [28] on the collected Twit-
ter data regarding COVID-19. Their work identified a significant and positive connection
between global infections/deaths and negative tweets and between global recoveries and
negative/positive tweets. Hung et al. [29] also applied a lexicon-based sentiment analysis
tool to investigate the sentiments of tweets regarding COVID-19. Their work included
using a bag-of-word representation to identify the topic discussions in the tweets during a
one-month period. Their study found five COVID-19-related topics, and they identified the
U.S. states expressing the most negative sentiments and the most positive sentiments. In
our work, we utilize a fine-tuned sentiment analysis tool that considers both the meaning
of each word and the structure of the input phrases. Our work involves ten COVID-19
related policies during a ten-month period.

Yadav and Vishwakarma [30] proposed a deep-learning model to extract three different
categories of sentiments. Their work provides feedback to government and health officials
to help deal with future outbreaks. In the work of Yu et al. [31], they presented an interactive
visual analytic system for reflecting and analyzing public sentiment and detecting sentiment
fluctuation triggers on social media. Their system adopted a lexicon-based sentiment
analysis tool to uncover public opinion about COVID-19 events. Basiri et al. [32] found that
the coronavirus attracted the attention of people from different countries at different times
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with varying intensities. The sentiments in their tweets were correlated with the news and
events that occurred in their countries, including the numbers of new infections, recoveries,
and deaths. They also showed that different social media platforms have a great impact
on evoking citizens’ awareness regarding the importance of this pandemic. By extracting
around 12,741 tweets with the keyword “Indialockdown” from 5 to 17 April 2020 and
by applying two lexicon-based sentiment analysis tools, Gupta et al. [33] showed that a
majority of Indian citizens supported the decision to impose a lockdown implemented by
the Indian government.

During the early stages of the outbreak of this pandemic, Naseem et al. [34] annotated
their 90,000 collected tweets with three categories, negative, neutral, and positive. They
reported several critical findings. For example, they discovered that citizens favored a
lockdown earlier in the pandemic. However, sentiment shifted by mid-March. Their study
showed that there is a need to develop a proactive approach to fight against the spread of
negative sentiments on social media platforms during any pandemic.

Chen et al. [35] described a multilingual COVID-19 dataset for studying online con-
versation dynamics. For example, the policy of social distancing has caused changes to
public access to physical/social environments for gaining information and updates. Lopez
et al. [36] collected daily tweets about COVID-19 in multiple languages to explore the
citizens’ perceptions regarding the pandemic. The study was aimed at identifying public
sentiments towards the pandemic and how the responses varied over time, by countries,
and by language. However, the published datasets include the analyzed sentiments or
Named Entity data, not the raw tweet text data or social features, such as retweets. Thus, it
is hard to verify the sentiment analysis results. In addition, claims about policy perceptions
are not presented in the paper.

Prominent politicians’ emotions expressed on social media were also analyzed during
this period. Yaqub [37] performed a sentiment analysis of tweets by President Trump during
the early spread of the COVID-19 pandemic. The work identified a negative correlation
between the sentiments expressed by Trump’s posts and the infection cases in the US. A
transition from positive to negative sentiments in his posts about China and the coronavirus
was discovered as well.

The National Institutes of Health (NIH) provide open-access data and computational
resources to address COVID-19 [38], with available datasets from the US CDC [26], JHU [5],
and the European CDC [39]. These data sources present daily numbers of newly reported
COVID-19 cases and deaths worldwide. However, the daily updates provided in [39] were
discontinued on 17 December 2020.

Most of these reviewed studies were conducted based on static datasets and either
provide the situation awareness of the disease status, such as cases of infections, death
counts, and vaccination rates, or they provide sentiments (negative or positive tweet counts)
toward particular measures such as lockdown policies [33] or prevention measures, as
with the CDC data [26]. A few studies reported large-scale data collections [36], but the
analyses were rudimentary in showing the sentiment counts of different tweets by region
and by language.

3. Public Health Policy Monitoring

In this Section, we present the Public Health Policy Perception Monitoring component
as well as experimental results. This section is organized as follows. In Section 3.1, we
introduce the source and collection of the dataset. We present three sentiment analysis
tools and justify our choice of one of them based on human evaluation in Section 3.2. In
Section 3.3, we discuss the formula to compute Concern Levels. We present the visualization
of concern level trends for each policy in Section 3.4. In Section 3.5, we analyze the
changes in concern levels over time and identify the significance of these changes. We then
investigate the relationship between concern levels and pandemic progress during our
study period in Section 3.6. In Section 3.7, we visualize the monthly concern levels for each
policy in each US state and present the information in geographical maps.
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3.1. Datasets

The data used in the paper has been collected from Twitter. We were interested in
the COVID-19 related health policies as well as other relevant protocols. We search tweets
related to COVID- policies. Table 1 shows the policy types, the keywords used, and the
total tweet counts for each policy. Between August 2020 and March 2021, 16,680,266 tweets
were collected. We performed tweet searches by using the official Twitter search API [40]
using these keywords. We collected only English tweets from the US by restricting the
search by setting the parameters “lang: en” and “place_country: US” to focus on the public
health policies in the US. While we understand that COVID-19 is a global concern, policy
decisions are local. Therefore, our methodology and analyses are designed to encompass a
locality useful for a set of policy makers and the relevant public. However, the framework
can be extended to any region or any language. We present tweet samples for each policy
in Table A1 in Appendix A.

Table 1. Policy Names, Search Terms, and Tweet Counts (The counts are based on data collected
between August 2020 and March 2021).

Policy Search Terms Tweet Count

COVID-19 (General) COVID COVID19 corona coronavirus 2,689,099
Face Coverings face (mask OR covering) 2,842,246
Business Closing business (closing OR shutdown) 2,655,381
School Closing school (closing OR shutdown) 2,648,275
Economic Impact CARES act OR stimulus check OR coronavirus economy 2,579.479
Quarantine quarantine OR self isolation OR lockdown 1,813,622
Contact Tracing contact (tracing OR tracking) 1,789,444
Testing test corona virus 1,771,197
Ventilators ventilator COVID 303,215
Social Distancing socialdistancing social distancing 165,208
TOTAL 16,680,266

For continuous monitoring, we used a Python script to perform data collection once
per minute. The results are appended to a file for each search category, and the files are
saved in a directory organized by search date. At the end of each day, the daily datasets
are analyzed with sentiment classification software to automatically label each tweet with
a sentiment category (positive, negative, or neutral). The results are stored in a relational
database for further analysis and visualization. This paper is based on data collected from
August 2020 to May 2021. However, data collection has been continuous beyond the study
period and ongoing. We provide a link to a dataset of tweets (with sentiment annotation)
for the time period covered by this paper, http://ai4sg.njit.edu/data/ai4sg_raw_data.csv
(accessed on 25 October 2022)

3.2. Sentiment Analysis for Public Concern Levels

In order to track public perceptions towards government health policies during the
pandemic, we applied a sentiment analysis tool to each tweet. A number of sentiment
analysis tools are described in the literature. We considered the VADER [28], Stanford
Sentiment Analyzer [41], and TextBlob [42]. In order to decide which sentiment analysis
tool to use, we performed three initial experiments. First, we conducted a human evaluation
of a sample of 100 randomly collected tweets regarding COVID-19 [43]. Three research
group members participated in this evaluation. Every member worked independently to
label each tweet either with 0 as “Negative”, 2 as “Neutral”, or 4 as “Positive” sentiment.
We computed a combined result of the human labelers by a majority vote.

Second, in order to identify the degree of agreement among the three sets of human-
labeled sentiments, we computed the Inter-rater reliability based on Krippendorff’s al-
pha [44]. We compared the sentiments of the combined human result with those gener-
ated by the Stanford Sentiment Analyzer, VADER, and TextBlob. Among the 100 tweets,

http://ai4sg.njit.edu/data/ai4sg_raw_data.csv
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91 agreed with a human majority vote, while there was no agreement for the remaining 9.
Among the 91 tweets, there were 51 for which TextBlob and the combined human results
agreed on the same sentiments, 58 for VADER, and 43 for the Stanford Sentiment Analyzer.
Therefore, the accuracy of our human evaluation for TextBlob is 56% (51/91), for VADER, it
is 63.7% (58/91), and for the Stanford Sentiment Analyzer, it is 47.2% (43/91). We utilized
an online calculator [45] to obtain the value of alpha, which was computed as 0.485. Third,
according to [46], data with an alpha < 0.667 should be discarded, which meant it did
not matter which tool we selected. Based on the prior studies, the Stanford Sentiment
Analyzer has the best accuracy among the three, with 80.7% [41], while VADER has an
accuracy of 76.8%, and TextBlob has 68.8% accuracy [47]. Thus, we chose the Stanford
Sentiment Analyzer.

The Stanford Sentiment Analyzer uses a fine-grained analysis based on both words
and labeled phrasal parse trees to train a Recursive Neural Tensor Network (RNTN) model.
The approach of RNTN is shown in Figure 1. In order to derive the sentiment (p2) of a
phrase, the RNTN uses a compositionality function g(.) to compute parent node vectors
from child node vectors (Figure 1). To compute the sentiment (p1) of the sub-phrase, it uses
the function g(.) with the sentiments of its children b and c. For each node (a, b, and c),
the analyzer uses varied features for classifying its sentiment. Therefore, the sentiment
computed by the RNTN model is based on (1) the sentiment values of each word and
(2) the sentiment of the parse-tree structure composed from the sentiment values of words
and sub-phrases. Furthermore, these characteristics enable the model to capture some
sophisticated features, such as sarcasm and negation expressed by input phrases.
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Figure 1. Approach of Recursive Neural Network Model, based on [41], predicting the sentiment
classes of “Negative” (−), “Neutral” (0), and “Positive” (+). Sentiment classes in the figure are
examples, not actual computed output.

Each input phrase is classified as belonging to one of five sentiment classes: “Very
Negative”, “Negative”, “Neutral”, “Positive”, or “Very Positive”. Table 2 shows examples
of sentiments of the dataset tweets classified by the Stanford Sentiment Analyzer. For our
study, we used only three sentiment classes. A positive sentiment was assigned to a tweet if
it was classified as positive or very positive by the Stanford Sentiment Analyzer. Similarly,
a tweet was assigned a negative sentiment when it was classified as either negative or very
negative. The neutral sentiment of a tweet remained neutral.

Table 2. Examples of sentiment analysis on collected tweets.

Text Sentiment Annotation

“COVID Families are asking for justice, for new leadership, and for a world free of this
pain. # MarchfortheDead” Very Negative

“So are we all just gonna forget about all that evidence for COVID being a bio-weapon
that breached containment” Negative

“The studies on COVID airborne transmission speak louder than the CDC” Neutral
“A new study from researchers at the University of Illinois suggests that most
homemade face coverings do a good job of prevention” Positive
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3.3. Concern Level Analysis

In order to monitor and track citizens’ concerns about government policies, we per-
formed a “concern level” analysis. The formula for computing the concern level was
defined by Ji et al. [21].

Definition 1. Concern Level is an index of negative sentiments over emotional sentiments expressed
in a set of social posts.

Concern Level (CL) =
N

N + P
(1)

where N is the count of tweets with negative and very negative sentiments, ∑n
i=1 neg(twi);

P is the count of tweets with positive and very positive sentiments, ∑n
i=1 pos(twi). The

functions neg() and pos() are appropriate sentiment indicator functions applied to the i-th
tweet twi. The higher the concern level toward a policy is, the more negative sentiments are
expressed by the public relative to the total number of tweets with some emotive polarity
value. We define emotive tweets as T = N + P, i.e., the total number of tweets with a polarity
sentiment. This excludes the neutral sentiment tweets, neuT, that lack the emotive polarity
perspective towards a policy. The fraction of neutral tweets (neuT) among all tweets shows
the magnitude of indifference toward a policy, while the proportion of emotive tweets
(T) among all tweets shows the level of emotional reactions to it. A high proportion of
T relative to neuT shows that many citizens view the chosen policy with an emotional
reaction, while a low proportion of T compared with neuT shows that the policy does not
engender too many emotional reactions.

We analyzed the concern levels for different government policies to understand citi-
zens’ reactions to official policies, actions, and measures. We annotated the policy-related
tweets with sentiment labels and calculated the concern levels.

To analyze citizens’ concern levels by US State, it is important to have accurate and
standardized information about the tweet author’s geographic location. Unfortunately,
among the raw tweets that we collected, only approximately 7% contained usable location
information, including the tweet author’s US State. Part of the tweet processing pipeline,
besides sentiment annotation, uses other tweet metadata to attempt to properly associate
the tweet with a US State. Tweet attributes such as “city”, “location”, “state_name”, and
“state_id” were examined and mapped to standardized state ids whenever possible. With
this additional processing, the percentage of tweets with usable state locations increased
from 7% to approximately 21%. With the US State information in the tweets, we were
able to build a “concern map” and observe the concern levels by state. Due to the low
percentage of tweets that could be tagged with location information, we summarized the
concern level by month for each state instead of by day.

3.4. Monitoring Levels of Concern

We tracked the daily concern levels about different COVID-19 related government
policies. Figure 2 shows the concern level trend for each policy between August 2020 and
March 2021. According to the trends, we report the following findings. The concern levels
toward each policy are tracked on a daily basis and are visualized on our platform site
(http://ai4sg.njit.edu/ai4sg/SentimentByPolicy, accessed 25 October 2022).

http://ai4sg.njit.edu/ai4sg/SentimentByPolicy
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Figure 2. Concern Level Trends of All Policies.

We observed that the concern level about “COVID-19 (General)” is higher than it is for
individual policies. On the other hand, the concern level for “Face Coverings” has stayed
relatively low throughout the period. Meanwhile, the concern level trend of “Economic
Impact” stayed quite stable but was relatively higher than the concern levels for other
individual policies throughout the period. The drop in the concern level about Quarantine
at the end of October was due to a data collection issue during that time.

In Table 3, we demonstrate the mean concern level for each policy between August
2020 and May 2021, in descending order. Besides “COVID-19 (General)”, “Ventilators”,
“Economic Impact”, and “Contact Tracing” show the highest mean concern levels over time.
On the other hand, the mean concern level of “Face Coverings” was the lowest among all
and was the only one under 0.7.

Table 3. Average Concern Levels from August 2020 to May 2021.

Policy Mean Concern Level (1 August 2020–23 May 2021)

COVID-19 (General) 0.839
Ventilators 0.777
Economic Impact 0.773
Contact Tracing 0.768
Business Closing 0.74
Testing 0.737
Social Distancing 0.727
School Closing 0.724
Quarantine 0.723
Face Coverings 0.642

3.5. Concern Level Trend Analysis

We examined the concern levels over time by computing summary statistics, namely
mean and standard deviation for concern levels for each policy. In addition, we compared
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the mean concern levels for the first week of the time frame with the mean concern level
for the last week of the time frame. The statistics are demonstrated in Table 4.

Table 4. Statistical Significance Tests.

Start Week (27 July 2020–2 August
2020)

End Week (17 May 2021–23 May
2021)

Negative
Tweets

(NS)

N + P
Tweets

(TS)

Concern
(CS)

Negative
Tweets

(NE)

N + P
Tweets

(TE)

Concern
(CE) Z-Score p-Value

Business Closing 44,969 60,351 0.745 47,513 63,500 0.748 1.2587 0.208
Economic Impact 47,116 60,669 0.776 44,115 57,505 0.767 3.8730 0.0
Contact Tracing 33,355 43,022 0.775 35,337 44,769 0.789 5.0324 0.0
COVID-19 (General) 19,730 22,383 0.881 58,265 67,593 0.862 7.4331 0.0
Face Coverings 47,130 68,079 0.692 43,022 67,791 0.634 22.489 0.0
Quarantine 32,669 43,741 0.746 27,320 38,037 0.718 9.2356 0.0
School Closing 43,364 57,875 0.749 46,029 63,343 0.726 8.9349 0.0
Social Distancing 8070 11,252 0.717 1250 1683 0.742 2.1756 0.029
Testing 37,346 48,732 0.766 29,672 41,201 0.72 15.834 0.0
Ventilators 11,150 14,275 0.781 8526 9744 0.875 18.569 0.0

Our examination showed statistically significant changes in concern levels over time
for most of the policies, except on the business closing and social distancing policies. We
considered concern levels from 27 July 2020 to 23 May 2021 for this computation. We
calculated a Z-score using the formula in Definition 2:

Definition 2. Z-score calculation.

CS (Concern Level in Start Week) =
NS
TS

CE (Concern Level in End Week) =
NE
TE

CT (Concern Level Combined) =
(NS + NE)

(TS + TE)

std (CS − CE) = sqrt
((

CT × (1 − CT)

TS

)
+

(
CT × (1 − CT)

TE

))
Z-score =

abs(CS − CE)

std(CS − CE)

where:
NS = Negative Tweets, Start Week

TS = Total Tweets, Start Week

NE = Negative Tweets, End Week

TE = Total Tweets, End Week

We then did a lookup of a two-tailed p-value from the Z-score and considered a p-value
less than 0.05 to indicate statistical significance. Except for Business Closing, all the policies
experienced significant changes in concern levels as shown in Table 4: Economic Impact
(−1.21%, from 0.7766 to 0.7672), Contact Tracing (1.81%, from 0.7753 to 0.7893), COVID-19
(General) (−2.21%, from 0.8815 to 0.8620), Face Coverings (−8.33%, from 0.6923 to 0.6346),
Quarantine (−3.84%, from 0.7469 to 0.7182), School Closing (−3.02%, from 0.7493 to 0.7267),
Social Distancing (3.56%, from 0.7172 to 0.7427), Testing (−6.03%, from 0.7664 to 0.7202)
and Ventilators (12.02%, from 0.7811 to 0.875).
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3.6. Relationship between Pandemic Progress and Concern Levels

An important objective in our research was to understand the relationship between
the progress of the pandemic, i.e., daily, and cumulative confirmed cases as well as deaths,
and the levels of citizen concerns about the various defined policies. How did the hard
data of the pandemic affect the measured levels of concern, if at all?

To answer this question, we computed correlation coefficients between confirmed
cases, deaths, and concern levels for each of the policies. Correlations were computed using
the raw daily concern values, weekly mean concern values and monthly mean concern
values. In Table 5, we demonstrate correlations of daily infections and deaths for each
policy with concern levels. We computed the p-values for the correlations using an online
calculator [48] for the two-tailed p-value for 243 days (August 2020–March 2021) of data.

Table 5. Correlation Coefficients for Daily Confirmed Cases and Daily Deaths with Concern Levels
about each Policy between August 2020 and March 2021. We marked all the non-significant p values
in italics, using a cut-off value of p = 0.05.

Concern by Policy Daily Confirmed Cases p-Value Daily Deaths p-Value

Business Closing −0.385 0.0 −0.010 0.876
Economic Impact −0.252 0.0 −0.282 0.0
Contact Tracing −0.401 0.0 −0.231 0.0

COVID-19 (General) −0.513 0.0 −0.262 0.0
Face Coverings −0.442 0.0 −0.213 0.0

Quarantine −0.229 0.0 0.055 0.393
School Closing −0.389 0.0 0.079 0.219

Social Distancing −0.080 0.214 0.097 0.131
Testing −0.402 0.0 −0.388 0.0

Ventilators −0.272 0.0 −0.030 0.641

We note that only three correlations are positive. Namely, an increase in daily deaths
led to an increase of concern about Quarantine, School Closing, and Social Distancing.
However, these three correlations are statistically not significant. Among the seventeen
negative correlations, three are not significant, while the other fourteen are significant. It is
counterintuitive that (for example) an increase in daily confirmed cases would lead to a
decrease of concern about Economic Impact (with r = −0.252). This is a surprising result.
The p-values of 0.0 that the calculator returned for six correlations indicate that the input
values resulted in an out of bounds output value. For example, for “COVID-19 (General)”
the p-value is 0.0, unless we reduce the sample size to 114 (days) where p = 0.00000001.

In addition, we plotted concern levels for each policy, and normalized values of
COVID-19 cases and confirmed deaths over time. Figure 3 shows the trend visualization.
There was little fluctuation of the concern level trend of COVID-19 (General) (shown as a
blue line), while the normalized infections (orange line) and deaths (green line) fluctuated
drastically between November 2020 and March 2021. Based on this information, we were
not able to identify any meaningful correlation between the progress of the pandemic and
the levels of citizen concern. We track and update the COVID-19 progress on a daily basis
on our website (http://ai4sg.njit.edu/ai4sg/Covid, accessed 26 October 2022).

http://ai4sg.njit.edu/ai4sg/Covid


Information 2022, 13, 543 12 of 24

Information 2022, 13, x FOR PEER REVIEW 12 of 24 
 

 

the levels of citizen concern. We track and update the COVID-19 progress on a daily basis 
on our website (http://ai4sg.njit.edu/ai4sg/Covid, accessed 26 October 2022). 

 
Figure 3. Comparison of the progress of the pandemic and the levels of citizen concerns. Blue: 
COVID-19 (General) Concern Level; Orange: Infections (normalized); Green: Deaths (normalized). 

3.7. Public Concern Map by Policy 
Over the whole period of data collection, we observed that states with large popula-

tions tended to fluctuate to a smaller degree than states with small populations. For ex-
ample, in Wyoming, which has a population of 578,759, the concern levels between Au-
gust 2020 and May 2021 varied widely: 0.91, 0.80, 0.82, 0.88, 0.83, 0.76, 0.97, 0.87, 0.76, and 
0.93. However, these values were computed from small numbers of tweets. For example, 
the concern level of 0.93 for May 2021 is based on only 25 negative tweets. In comparison, 
for the same month, the concern level of California, which has 39.5 million residents, was 
0.83, but it was based on 3963 negative tweets. Texas, which has 29.2 million people, had 
a comparable concern level to California of 0.84, based on 3712 negative tweets. The con-
cern level of 0.97 in Wyoming, which was recorded in February 2021, is the highest ob-
served in any state and any category. The lowest concern level was recorded in Minnesota 
as 0.68 for March 2021. Even though Minnesota, which has 5.7 million residents, is ten 
times more populous than Wyoming, this result was based on only 69 negative tweets. 
All these numbers are for “COVID-19 (General)”. For individual policies, values are nota-
bly lower. 

For concerns about masks (“Face Coverings”), Idaho and New Hampshire were at 
the low end of the spectrum in May 2021, at 0.57 and 0.43, respectively. However, the state 
of Wyoming, which is a neighboring state of Idaho, had a concern level at the high end of 
its range, with a value of 0.86, based on 18 negative tweets. With the stored data, a concern 
map can be computed for each policy for each month. The concern map shown in Figure 
4 illustrates the concern levels of each state regarding “Face Coverings” in May 2021. 

For Economic Impact in April 2021, Mississippi had the countrywide highest concern 
level of 0.85 but based on only 118 negative tweets. South Dakota and North Dakota had 
the lowest concern levels about the economy at 0.65 and 0.70, respectively. We could not 
discern any obvious regional patterns. 

Figure 3. Comparison of the progress of the pandemic and the levels of citizen concerns. Blue:
COVID-19 (General) Concern Level; Orange: Infections (normalized); Green: Deaths (normalized).

3.7. Public Concern Map by Policy

Over the whole period of data collection, we observed that states with large popu-
lations tended to fluctuate to a smaller degree than states with small populations. For
example, in Wyoming, which has a population of 578,759, the concern levels between Au-
gust 2020 and May 2021 varied widely: 0.91, 0.80, 0.82, 0.88, 0.83, 0.76, 0.97, 0.87, 0.76, and
0.93. However, these values were computed from small numbers of tweets. For example,
the concern level of 0.93 for May 2021 is based on only 25 negative tweets. In comparison,
for the same month, the concern level of California, which has 39.5 million residents, was
0.83, but it was based on 3963 negative tweets. Texas, which has 29.2 million people, had a
comparable concern level to California of 0.84, based on 3712 negative tweets. The concern
level of 0.97 in Wyoming, which was recorded in February 2021, is the highest observed
in any state and any category. The lowest concern level was recorded in Minnesota as
0.68 for March 2021. Even though Minnesota, which has 5.7 million residents, is ten times
more populous than Wyoming, this result was based on only 69 negative tweets. All these
numbers are for “COVID-19 (General)”. For individual policies, values are notably lower.

For concerns about masks (“Face Coverings”), Idaho and New Hampshire were at the
low end of the spectrum in May 2021, at 0.57 and 0.43, respectively. However, the state of
Wyoming, which is a neighboring state of Idaho, had a concern level at the high end of its
range, with a value of 0.86, based on 18 negative tweets. With the stored data, a concern
map can be computed for each policy for each month. The concern map shown in Figure 4
illustrates the concern levels of each state regarding “Face Coverings” in May 2021.

For Economic Impact in April 2021, Mississippi had the countrywide highest concern
level of 0.85 but based on only 118 negative tweets. South Dakota and North Dakota had
the lowest concern levels about the economy at 0.65 and 0.70, respectively. We could not
discern any obvious regional patterns.

We expected that concern maps for “Economic Impact” would have clearly differ-
entiated red (Republican) and blue (Democrat) states. Given the instability of values for
small states, we chose California as a representative of the blue states and Texas as the
prototypical red state. We then compared concern levels for all ten months. However, the
results contradicted our expectations. First, we noticed that values were relatively stable
throughout the period. In California, the values varied from 0.75 to 0.79. For Texas, the



Information 2022, 13, 543 13 of 24

values were between 0.76 and 0.79. Furthermore, the absolute value of the difference in
each month between the two states was never larger than 0.02.
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Figure 4. Concern Levels by State for Face Coverings in May 2021.

One of our expectations was narrowly fulfilled. We hypothesized that “high-tech
states” produce more tweet activity than rural states. We summed the total number of
tweets in each of the ten largest states by population and set them in relation to the number
of citizens, shown in Table 6. New York and California, the home states of many computing
startups, lead the pack at 19% and 14%, respectively. The other large states vary between
9% and 13%, with Texas, Illinois, and Pennsylvania coming close to California.

Table 6. Tweet Activity.

State Total Tweets Tweets/Population in ’000

New York 3687 19%
California 5658 14%

Texas 3888 13%
Illinois 1719 13%

Pennsylvania 1678 13%
Florida 2674 12%
Georgia 1336 12%

Ohio 1368 11%
Michigan 994 10%

North Carolina 988 9%

4. Public Health Policy Awareness

During the pandemic, many different types of government policies and measures
were issued. Having an awareness of the rapidly changing government actions and policies
during a public health crisis such as the COVID-19 pandemic may provide critical and
useful information, at the right time, to citizens and businesses in terms of their obligations
and their rights. There are websites, such as the IMF policy tracker [49], that follow
economic policies by different country governments to limit the human and economic
impact of the COVID-19 pandemic. This is a global country-wide policy tracker where all
policies are listed as text. The municipal city government responses to COVID-19 have



Information 2022, 13, 543 14 of 24

been shared through the NLC (National League of Cities) Local Action Tracker [50], which
allows different city responses to be searched for and browsed. These tools provide the
information needed for global and local leaders to manage the many pandemic-related
issues. But textual legal policies are difficult to comprehend, and the comparative policy
analysis across different cities or states is challenging.

To enhance public health policy awareness, we used the dataset of 5295 pandemic-
related policies or local actions in 23 distinct policy areas collected from the National League
of Cities (NLC) and Bloomberg Philanthropies [50]. The policy analysis in Figure 5 shows
the distribution of different types of policies. Policies for Prevention/Flattening the Curve
comprise the highest total policy count of 947. These include face covering, quarantine/self-
isolation, social distancing, COVID-19 testing, ventilators, etc. The second-highest policy
type is Government Operations, with a total count of 631, including policies related to
emergency services operations, first responders, and frontline medical workers across the
country, who continue to provide essential services combating the pandemic. The Housing
policy category, with a total count of 521, was the third policy, and so on.
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4.1. Policy Mapping and Filtering

The policy tracking map implemented in [50] helps to browse local actions taken by
cities around the country to respond to the pandemic. We have developed a prototype
spatial browsing tool for policies in which the policies can be filtered by policy area, state,
city, and action date, as shown in Figures 6 and 7. For example, the map in Figure 6
shows the housing policy counts that were issued by each state, while the map in Figure 7
shows the transportation/mobility-related policies by state. The two maps show that
the transit and mobility policies are more prominent in NY (25 counts) compared to the
housing policies (8 counts), while in California, there are more housing policies (128) than
transit/mobility-related policies (38). The filtering by policy types shows the different policy
emphases in different states to address local needs. The prototype spatial browsing tool we
have developed is available at the platform site (http://ai4sg.njit.edu/ai4sg/PolicyMaps,
accessed 28 October 2022).

http://ai4sg.njit.edu/ai4sg/PolicyMaps
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4.2. Policy Summarization Tool

Pandemic policies pose many challenges to the reader. As demonstrated in the pre-
vious Section, there are many policies, and they are often expressed as long documents
of legal text. To make it easier for the casual user to navigate this environment, we did
a preliminary analysis of the usability of text summarization tools for health policies. To
determine the most appropriate method to use, we conducted experiments with several
existing pretrained text-summarization machine learning models. Specifically, we tested
Bart using Pytorch [51], T5 using TensorFlow [52], Gensim with TextRank [53], and GPT-2
Transformers [54]. The result of our test runs on several text samples taken from the policy
database were compared by members of our research group, and the agreement was that
Bart and T5 summarization models produced the best summarization outcomes. Further-
more, based on our human evaluation, we did not discern a significant difference in the
summarization quality between Bart using Pytorch and T5 using TensorFlow. Thus, we
randomly chose to work with Bart to summarize the policy descriptions.
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The summarization with Bart resulted in a compression rate of 0.6295. The compres-
sion rate was calculated as the total number of words of the summarized text divided by the
total number of words of the original text. A compression rate equal to 0.6295 means there
was an average 37.04% reduction of the original text size. Table 7 shows five examples of the
summarization of policies by Bart and T5. These summaries are not intended for lawyers,
who often need to argue about a single word in a legal text, but for quickly navigating an
overwhelmingly complex patchwork of different government regulations.

Table 7. Policy Summarization Results with Original Policy Description.

Original Policy Text Summarized Policy by Bart Summarized Policy by T5

Mayor Todd Gloria announced today that the state
will provide more than $45.5 million in assistance for
San Diego residents unable to pay rent due to the
impacts of COVID-19. Together, this week’s funding
and the direct federal funding announced previously
amounts to nearly $87.9 million in relief for families
and individuals who’ve been devastated financially
by the pandemic. This is on top of $13.75 million in
emergency rental assistance that helped 3717 San
Diego households in 2020.

The state will provide more than
$45.5 million in assistance for San
Diego residents unable to pay rent
due to the impacts of COVID-19.
This is on top of $13.75 million in
emergency rental assistance that
helped 3717 San Diego households.

the state will provide more than
$45.5 million in assistance for

residents unable to pay rent. this is
on top of $13.75 million in

emergency rental assistance that
helped 3717 households in 2020.

In an effort to provide security and much-needed
assistance for San Diegans struggling due to the
ongoing COVID-19 pandemic, Mayor Todd Gloria
announced today that the City will be making more
than $42 million in emergency rental assistance
available to San Diego residents and that he will
bring forward a proposal to extend eviction
protections for renters and businesses to the City
Council on Tuesday.

Mayor Todd Gloria announced
today that the City will be making
more than $42 million in emergency
rental assistance available to San
Diego residents. Gloria will bring
forward a proposal to extend
eviction protections for renters and
businesses to the City Council on
Tuesday.

san diegans struggling due to
ongoing COVID-19 pandemic will
receive emergency rental assistance.
mayor will bring forward proposal
to extend eviction protections to the

city council on thursday.

Mayor Kevin L. Faulconer and San Diego Housing
Commission (SDHC) President and CEO Richard C.
Gentry today called for San Diego landlords to rent
their units to San Diegans experiencing
homelessness, including seniors and veterans, in an
effort that builds on the successful ”Housing Our
Heroes” initiative. The call to action supports
”Operation Shelter to Home” at the San Diego
Convention Center, where case managers are
working to find permanent housing for individuals
experiencing homelessness. With more rental units,
“housing navigators” at the convention center will
have more options to match individuals most ready
for independent living to a home.

Mayor Kevin L. Faulconer and
SDHC President and CEO Richard
C. Gentry call for San Diego
landlords to rent their units to San
Diegans experiencing homelessness.
Housing navigators at the San
Diego Convention Center will have
more options to match individuals
most ready for independent living
to a home.

housing navigators’ at the
convention center will have more
options to match individuals most
ready for independent living to a

home.

The emergency law temporarily halting evictions in
the City of San Diego was passed unanimously and
goes into effect immediately. It will last until May
31st. Tenants must demonstrate a substantial
decrease in income or medical expenses caused by
COVID-19 in order to qualify. It will not relieve a
tenant of their requirement to pay rent or restrict a
landlord from recovering rent at a future time.

Emergency law temporarily halting
evictions in the City of San Diego
was passed unanimously and goes
into effect immediately. Tenants
must demonstrate a substantial
decrease in income or medical
expenses caused by COVID-19

the law temporarily halts evictions
in the City of San Diego. it goes
into effect immediately and will

last until may 31st.

5. Discussion

Based on the results derived from our experiments on public health policy concern
tracking between August 2020 and March 2021, we have discovered several findings,
which include:
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(1) The levels of citizens’ concerns about the disease itself appear higher than the levels of
concern about individual policies throughout the period of investigation. As shown
in Figure 2, among all the policies, “Ventilators” engendered the highest concern level
at 0.77, except for COVID-19 (General) at 0.84. The concern level about Ventilators
was relatively high in two periods throughout the time of the study. One was between
August and September 2020, when the COVID death cases were on the rise. The
second peak was in January 2021, after the holiday season was over, with surging
infections and deaths. The Face Coverings policy was associated with a concern level
of 0.64. Its concern levels were the lowest and the only one under 0.7 throughout the
period, despite the mask shortage in the early stages of the pandemic [55]. This result
implies that citizens might not have cared much about wearing masks. Besides, the
concern level trend of Economic Impact remained fairly stable but relatively higher
among all individual policies. Many industries were impacted during this period.
Especially the recreational sector registered high job losses [56], as citizens would
reduce the frequency of traveling or going out to avoid becoming infected.

(2) By comparing the concern levels in the first week with those in the last week of our
date range, we found that the concern levels about policies concerning Economic
Impact, COVID-19 (General), Face Coverings, Quarantine, School Closing, and Testing
exhibited negative changes, while Business Closing, Contact Tracing, Social Distanc-
ing, and Ventilators showed positive changes. Except for Business Closing, these
changes are all statistically significant. This finding implied that citizens might have
adapted to a new normal, even with rising case numbers [57] amid the pandemic.

(3) While the trend of case numbers of infections and deaths showed notable fluctuations,
the concern level of COVID-19 (General) stayed relatively constant throughout the
study period. In other words, no meaningful correlation between the progress of the
pandemic and the levels of citizens’ concern was identified.

(4) We expected to see a geographic distribution of concerns that reflects the political
divide of the country. However, we were not able to confirm this.

The characteristic of capturing sophisticated features made the Stanford Sentiment
Analyzer a strong candidate for our sentiment analysis. However, no analysis tool is
perfect. A limitation of the Stanford Sentiment Analyzer is that it lacks multipolarity
analysis. An input phrase might express multiple polarities based on different aspects
mentioned in a post. If we obtain only one composed result of several expressed sentiments,
this could be misleading. For example, the phrase “This restaurant provides excellent food
but poor service” expresses a positive sentiment about the food but a negative sentiment
about the service. Currently, we are working on a novel sentiment analysis algorithm
that reports multiple polarities when an input phrase discusses multiple aspects with
different sentiments.

Our proposed Public Health Policy Perception Monitoring and Awareness Platform
overcomes challenges in prior works and extends our preliminary study [58] with capabili-
ties of continuous monitoring of citizen perceptions of health policies to serve as an indirect
indicator of measuring the impact and potential acceptance or resistance of health-related
policies. Table 8 shows improvements carried out in our work.

Besides this, we have also achieved several novel breakthroughs in our work. The
generated results from the continuous monitoring data and analyses can help governments
and citizens get insights to adapt to a “new normal” in a post-pandemic era. The correlation
between policy concern levels and pandemic progress statistics helps citizens to understand
if or how life is impacted. Our system allows us to quickly retrieve and access the results
for a desired period. For example, one can examine the previous holiday seasons’ results to
better prepare for the upcoming holiday seasons. It is possible to quickly extend our work
when a new relevant government policy is issued. Users of our system can rapidly react
and apply our work to novel pandemics or similar urgent situations occurring in the future.
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Table 8. Our improvements to prior limitations.

Limitations in Prior Studies Our Improvements

Prior work focused on single policy in a fixed dataset. We work with 10 different policies and continuously collected data.

Prior work was limited to concern tracking using
perceived sentiments towards the disease itself.

We focus not only on the concerns about the disease, but also on the
citizens’ perceptions and attitudes towards the government policies
regarding the COVID-19 pandemic.

Prior work conducted survey-based research, which is
naturally limited in data points and delayed in
availability.

We collect data and generate analysis results daily in a near real time
manner, and show on our web dashboard.

Prior work did not provide details about citizens’
reactions to policies in time and space.

We continuously collect tweets for analyzing and understanding
citizens’ concerns toward disease and government actions in both
geographical and temporal manner.

Prior work used lexicon-based sentiment tool, which
considers sentiment by bag of word representation but
ignores the context of the phrase.

We utilize a fine-tuned sentiment analysis tool that generates sentiment
values that are a composition of each word’s meaning and input phrase
structure.

It provides a policy specific portal to understand policy
details.

Our platform provides the aggregated policies of different local
measures and analyzes them to compare across cities or states.

Each policy text is presented as issued. Each policy text can be accessed as a summarized text for enhancing
the content understanding.

Our study also has some limitations. First, the datasets are collected with static policy
sets. If a new public health issue emerges, the system needs the ability to dynamically
choose the policies for which tweets are collected (e.g., add a new user-selected policy)
to monitor it. Second, the collected data is limited to the US. Third, the concern levels
depend on the sentiment analysis results, which are not perfect. We used the Stanford
Sentiment Analyzer, which has the highest accuracy among alternative tools but with lower
human agreement scores compared with other approaches. Thus, there is a great deal of
uncertainty in the sentiment associated with the tweets. Any system that relies on the
currently available sentiment analysis tools would be subject to this kind of uncertainty
due to the technical limitations and human subject variabilities.

An important theoretical implication of this research is that refined measures for
concern levels could be introduced, e.g., weighted and/or relative measures, as was hinted
at in Section 3.3. Such an analysis goes beyond the scope of this paper. The most important
practical implication is that near-real-time monitoring and processing of reactions to policies
is possible and provides a powerful capability that goes beyond what is publicly available
at the current time.

6. Conclusions

In this work, we have developed a Public Health Policy Perception Monitoring and
Awareness Platform that tracks citizens’ concern level trends about ten different public
health policies during the COVID-19 pandemic. Our tools can also enhance the public
understanding of government health policies.

The concern level tracking revealed that “COVID-19 (General)” and “Ventilators”
engendered the highest concern levels, while the “Face Coverings” policy caused the
lowest concern levels during the data collection period. This answers the first research
question we raised in the Introduction.

Between the first week and the last week of our data period, the concern levels about
“Economic Impact”, “COVID-19 (General)”, “Face Coverings”, “Quarantine”, “School
Closing”, and “Testing” demonstrated negative changes, while “Business Closing”, “Con-
tact Tracing”, “Social Distancing”, and “Ventilators” had positive changes. Moreover, all
changes except for “Business Closing” were significant. This addresses the second research
question raised in the Introduction.
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Throughout the study period, the concern level of “COVID-19 (General)” stayed rela-
tively stable, even though the trends of both infections and deaths were notably fluctuating.
Therefore, no meaningful correlation between the pandemic progress and the concern
levels could be identified. This provides an answer to our third research question.

We expected to see a clear difference in concern levels regarding the economy that
would reflect the political divide between politically red (Republican) and blue (Democrat)
states. However, our experiments showed no evidence supporting this hypothesis. This
provides some insights about our fourth question.

We reviewed publicly available policies and local actions in 23 distinct policy areas,
including 5295 pandemic-related policies [50]. Policies for Prevention/Flattening the Curve
occurred most often (947), including rules for face covering, quarantine/self-isolation,
social distancing, COVID-19 testing, ventilators, etc. The second most frequent policies
dealt with Government Operations, totaling 631, including policies related to emergency
services operations, first responders, and frontline medical workers across the country. The
Housing policy category, with a total count of 521, ranked third. This provides answers to
our fifth research question.

The policy awareness tool, however, demonstrated regional differences for the ana-
lyzed policies, such as housing-focused policies in California compared to transit/mobility-
focused policies in New York. This constitutes an example answer for our sixth re-
search question.

The summary of the housing policies in Table 7 shows that the California government
is providing more funds to help local people, such as tenants, the homeless, etc., to ame-
liorate the impact of the pandemic. The assistance from the government includes rental
reimbursement, extended eviction protection, and accommodations for the homeless. This
limited answer to our seventh research question should be extended in the future.

Our reported results are based on a specific period and concentrate on concern levels
and government policies. However, the continuous monitoring capabilities of our system
can be used to observe temporal trends and geographic distributions in policy perception.
Thus, our proposed platform can provide public perceptions as a near real-time feedback
mechanism for policymakers and evaluators to appraise each health policy.

7. Future Work

A limitation in the presented work is an analysis of concern levels about COVID
vaccines. At the beginning of this study, vaccines did not yet exist. With the wide avail-
ability of Pfizer, Moderna, etc. vaccines, the new phenomenon of “political” and personal
resistance to vaccine policies has arisen. Thus, unexpected to us, vaccines were not univer-
sally welcomed by the population. A simple recording of concern levels about vaccines
does not distinguish between citizens concerned about getting access to the shots versus
citizens concerned about the negative effects of the vaccines. We plan to perform a more
fine-grained analysis of the available social network data about vaccines.

We were surprised to see that steep rises in infections and deaths had no discernable
effect on the concern levels to different policies expressed by Twitter-active netizens. This
phenomenon could be a topic of an in-depth future investigation and will require the
addition of a sociologist to the team. It would also be interesting to see in the future
whether other “sudden, unpredictable events” (what Nassim Taleb has called “Black Swan
Events”) [59] will also have no measurable effects on the concern levels of Twitter users.
For example, did an overnight spike in oil prices (caused by the Ukraine conflict) cause
more concerns than a spike in COVID-19 deaths? There are several ways the concepts
embodied in this paper could be extended both in granularity and generality. Granularity
could be increased by refining the location tagging of tweets, for example, to the county,
city, or borough level. This would enable us to better identify concern levels before and
after specific governmental actions at the corresponding geographical level, such as the
imposition of a quarantine order in a specific area. The research could also be expanded to
incorporate broader (e.g., international) geographic areas and languages.
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As noted, the Stanford Sentiment Analyzer does not easily support the analysis of
several aspects in the same tweet. We propose to perform a multipolarity analysis based
on different aspects identified in the tweets. We plan to apply sentence tokenization
and embedding to achieve sentence topic modeling. Thus, each policy could be further
categorized. For example, “Vaccine Policy” could be categorized as “Pfizer”, “Moderna”,
“J & J”, etc. By combining these refinements with the use of the Sentiment Analyzer,
we would see how citizens react to the specific vaccines rather than the whole “Vaccine
Policy”. In the work of Bonifazi et al. [60], they figured out that anti-vaxxers tend to
have denser ego networks and are more cohesive than pro-vaxxers. This shows that anti-
vaxxers have four times more interactions than pro-vaxxers. We propose to analyze and
compare the networks among pro-vaxxers, especially when they have different vaccine
preferences.

One of our goals in this work is to provide actionable data and real-time analysis
results to policymakers. When concern levels in the population rise to high values, a policy
change might be called for. However, as we pointed out, the concern levels in a small
state are less alarming than those in one of the mega states, e.g., California, Texas, Florida,
New York, Illinois, etc., because they are based on a few tweets. Thus, a new metric along
the lines of a “concern impact level” that incorporates concern level and population size
would be useful. We intend to investigate possible formulas for a concern impact level in
future work.

Finally, the concepts in this paper could be applied to understand citizens’ concerns
about entirely different public events and policy actions. Our concern level tracking system
could be easily repurposed to analyze tweets for sentiments regarding other policies, e.g.,
immigration rules, tax cuts, congestion pricing in New York City, or funding for inter-
planetary space travel. The possibilities are as broad as the range of government actions
and natural events causing them. We plan to expand this dynamic policy data collection
capability by allowing users to select new policies to be tracked or by automatically iden-
tifying emerging policies to monitor. This will make the platform adjustable for future
crisis events.
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Appendix A. Examples of COVID-19-Related Health Policies

Table A1. Tweets examples for each policy.

COVID-19 Health Policy Example Tweets

COVID-19 (General)

Great example of ongoing medical education in the wake of restricted travel and meetings
#COVID19 Thank you for sharing. We need more of the same!

Me too. I took it, along with the family. Personal choice for each of us. I get the apprehension. CDC
doesnt make it any better. But my whole point was Dr are treating everything as COVID
erroneously at the sake of misdiagnosing other things.

We are getting ready to open on August 15! So “ . . . . . . ” to give us a little more time the store will
be closed this Friday and Saturday! We will post all the changes due to COVID ASAP. The apples
are looking lovely.

Face Coverings

We letting these beasts make masks mandatory. This is all about obedience, no fucking evidence
supporting the effectiveness of masks against contracting COVID. Niggas is wearing tissue paper
for face mask but as long as you a good sheep and comply it’s all good.

Wear a Mask! Californians must wear a face-covering in high-risk settings.

Miss Princess! Customizable Face Masks with PM2.5 Activated Carbon Filters!

Business Closing

Attached is an article that @TheSlideJob wrote about him (after the video) and what he did when
our family business was shutdown from COVID-19. He will do almost anything to race!

Interesting that the president of the U.S. is hunkering in a bunker under the W.H. instead of
addressing the nation? Tear gassing peaceful protestor’s yet, when your ppl protested the closing
of business’s due to COVID. You allowed machine gun carrying nasty rude ppl to cont. on?

Bull! Like Walmart isn’t our Myrtle beach. COVID mart has been open every since the virus started
and they have curbside service. Beshear is scared of Walmart’s lawyers! While everyone that owns
other business was made to shutdown! Typical democrat.

School Closing

Day 1 of our COVID-19 school shutdown and there was abundant evidence of our @PosProject
theme this week: #LoveofLearning Everyone worked so hard to make sure our wee Turtles have
what they need to keep growing while they are away.

15 yo grandson says COVID cases at school are up. School in Raytown may be closing soon.

After more than week of classes, a Fort Bend ISD elementary school is closing its doors and shifting
to online learning due to a significant” risk of COVID-19 on campus.

Economic Impact

The reason the country went in the tank was the democrat leaders in their states locking everyone
and thing down. That’s what killed our economy. There’s study after study that show lockdowns
didn’t help with COVID

We might retest COVID lows. Anything can happen. Still a lot of stubborn inflation and a horrible
economy is not priced in. We bottom when Bored Ape is a zero, GME is at 15, and BTC trades
at 3000.

People can make money when the virus is under control. Imagine that. With COVID-19 Under
Control, China’s Economy Surges Ahead.

Quarantine

Iran becomes the first country to report a second wave of coronavirus infections as cases hit a
record high after easing lockdown and has so far reported 164,270 cases and 8071 deaths.

The World Health Organization has announced that dogs cannot contract COVID-19. Dogs
previously held in quarantine can now be released. To be clear, WHO let the dogs out.

Crazy how essential workers never got any hazard pay for going to work during quarantine
especially after I got sick twice with COVID. First time I was out for a month and second time I was
out for 2 months. What happened to that $25,000 heroes pay? It was let go.
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Table A1. Cont.

COVID-19 Health Policy Example Tweets

Contact Tracing

Contact tracing shows high risk for coronavirus spread in churches

WHO urged countries to continue to test, isolate, and treat COVID pts. Contact-tracing &
quarantining to help reduce transmission. face masks, physical distance in public, handwashing.
These measures can flatten the curve without lockdowns, regardless of drugs.

I just completed a free certificate on COVID-19 Contact Tracing—you can too. If you are still
looking for a summer job, this could be worth 5 h of your time.

Testing

Getting the vaccine does NOT prevent a positive COVID test. It’s like the flu shot. You can still get
the flu. You can still get COVID but the symptoms and fighting it isn’t severe

Negative COVID test. I got the results today but I had an ER visit yesterday morning for asthma
like symptoms. Doing much better but I never had asthma before so it was a bit scary.

In need of a #COVID19 test? Come to McDonough Middle School. If you’re in need of a ride call
860.550.7540

Ventilators

After more than 3 weeks on a ventilator while fighting COVID-19, this man says convalescent
plasma saved his life.

Corpus people really out here thinking COVID-19 is a hoax. I’ve seen multiple people say let’s just
get it so we can get it over with. If they tell me I have it I’m not gonna believe them & continue
about my life. You all are a bunch of fools. Have fun with that ventilator sis.

Just found out my cousin has Covid and is on a ventilator. Please send positive vibes.

Social Distancing

It took a little work, but we have the pets practicing Social Distancing

As if social distancing, working from home & home school don’t already mess up your sense of
days- this reminded me of when I woke up for school on the wkends . . . need 2 stay on top of this
calendar & make sure dates/days match to avoid confusion

Practicing social distancing. Even us newsies are doing it with ya.
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